ABSTRACT Micro-Doppler frequency estimation is an important issue for radar target recognition. In this paper, a novel approach is proposed to accurately estimate the micro-Doppler frequencies of specific target scattering parts, which can be very promising in real-time human sensing applications. For this approach, the adapted linear predictive coding algorithm is first applied to extend the known data in each time window. Then, the Hough transform with a set of new fitting models is used to extract the interested echo components and accurately estimate their micro-Doppler frequencies. Finally, a series of experiments are conducted to illustrate the performance of the proposed approach. 
I. INTRODUCTION
Recently, the identification of human movements using a Doppler radar is emerging as a powerful tool that can support a large range of civil and military applications. Early efforts have proved that micro-Doppler frequencies, which are very representative of human movements, can be applied as proper features for state identification [1] - [3] . To improve target state identification accuracy, how to precisely estimate human micro-Doppler frequencies is of great importance. Specifically, in some practical applications, to more precisely identify target movements of interested scattering parts, such as arms and legs, essential echo components from these parts are sometimes required to be first extracted. However, since echo components from different human scattering parts usually have the properties of large dynamic range, unpredictable variation tendency and overlapping spectral band, it is very difficult to properly separate the components. Besides, when the variation of target movement is dramatic and meanwhile there exists a rigid requirement of real-time processing, how to fit the echo local property and precisely estimate the target micro-Doppler frequencies also pose high challenges to the detection algorithm.
To date, there has been extensive research in the area of human micro-Doppler frequency estimation and analyzation since early 2000s [4] - [6] . Most of these studies are based on linear time-frequency transforms, such as short time Fourier transform (STFT), since they are free of crossterm interference and easy to be implemented [7] - [10] . For example, in [11] a multi-window time-frequency analysis algorithm is proposed, which can adjust the time window length according to the echo local property and thus improve the estimation accuracy of target micro-Doppler frequencies. However, for these linear transforms, there always exists an inherent compromise between time and frequency resolution, which can severely restrict the instantaneous frequency estimation accuracy. Besides without echo decomposition, these methods are usually applied to roughly identify the target general state, such as walking, running and crawling. However, fine movements which correspond to specific scattering parts, such as arms and legs, can hardly be identified by these methods. To overcome these drawbacks, more sophisticated time-frequency analyzing tools combined with echo decomposition process are drawing more and more attention. In [12] and [13] , target range combined with microDoppler frequencies is applied to separate different echo components even in frequency ambiguous area. However, experimental results prove that the performance improvement of this algorithm is at the cost of an enlarged receiver array, which would greatly increase the radar cost, size and weight. Some traditional signal separation algorithms, such as Hilbert-Huang Transform (HHT), empirical mode decomposition (EMD) and wavelet transform, are also applied to extract interested echo components in [14] - [17] . However since the extraction criteria of these algorithms are essentially based on echo frequency property rather than target scattering property, there can be great deviation of the extraction results from the practical scattering components. In [18] , polynomial models are applied to fit the phase functions of different echo components.Then, based on an ambiguous function process, the echo components from different target parts are properly extracted. However, due to the high order correlation process, the proposed algorithm is very sensitive to detection noise and can bring about heavy calculation burden with a high dimensional fitting process. An adapted Viterbi algorithm is applied in [19] . However, simulation results show that the separation performance of this algorithm would degrade severely when the echo components have close or even overlapping microDoppler frequencies.
In this paper, a novel approach, which combines the adapted linear predictive coding (LPC) algorithm and the Hough transform, is proposed to accurately estimate the micro-Doppler frequencies of specific human scattering parts. Since the frequency resolution of the Hough transform is proportional to the available data length which can be severely restricted in most real-time sensing applications, the adapted LPC algorithm is first applied to extend the known data in each time window.Compared with traditional LPC algorithm which applies a fixed prediction length, a fitting error array is developed in the adapted LPC algorithm to intelligently determine the optimum prediction length according to the echo local property. Besides, the fitting error array can also be applied to calibrate the predictor output for higher prediction accuracy. As a result, the adapted LPC algorithm can achieve a better balance between estimation accuracy and resolution. Then the Hough transform with a set of new fitting models is applied to properly extract the interested echo components and precisely estimate their micro-Doppler frequencies. To improve the micro-Doppler frequency estimation accuracy, two stages of revision are applied on the basis of the traditional linear fitting result. Compared with the traditional linear fitting result, the proposed revision process can successively reduce the frequency fitting error with no need of any prior knowledge. Meanwhile, it can maintain a low calculation complexity of O(n), which is very promising for real-time human sensing applications.
The paper is organized as follows: In Section II, background concepts about the traditional Hough transform and LPC algorithm are first reviewed and their limitations when applied in real-time human sensing applications are discussed. Based on the analysis, the LPC algorithm is adapted and a set of new frequency fitting models is introduced to revise the traditional linear fitting result of the Hough transform. By combining the two adapted algorithms, a human micro-Doppler frequency estimation approach is proposed in Section III. In Section IV, a series of experiments are conducted to illustrate the performance of the proposed approach and the conclusion is made in Section V.
II. BACKGROUND CONCEPTS A. HOUGH TRANSFORM
The capability of the Hough transform to accumulate signal energy along a preset instantaneous frequency (IF) trajectory provides an effective approach to identify and extract interested components [20] - [23] . For a signal s(t) which involves K components, it can be expressed as,
where s i (t) is the i th component with the amplitude b i and the IF f di (t). To extract the component s i (t) by the Hough transform, a frequency fitting model, which is applied to represent the component IF variation, is first constructed as f i (X, t). X is a set of model parameters which can be applied to adjust the fitting frequency shape.
Demodulate the signal s(t) with the fitting model fi(X, t) and the Fourier transform is then applied as,
If we substitute (1) in (2), it can be seen that, for the ideal situation where the constructed model perfectly fits the component IF as f di (t) = f i (X, t), the i th component will become a constant signal after demodulation and its energy will be accumulated as a pulse in the frequency domain. However, for other components whose IF does not fit the model, their energy would not converge in the frequency domain. As a result, adjust the model parameter X until the i th component energy most converges and a narrow-band filter can be applied to extract the component as,
where s ∧ i (t) is the extracted component with the optimum model parameter X i and f B (f ) is the filter frequency respond. To suppress the thermal noise interference of Doppler radar, in this paper Gaussian filter is applied to extract components which can be expressed as,
where f 0 is the peak frequency of the signal S (f , X i ) and σ is a scale coefficient which can be used to adjust the filter band-width. Finally, the component IF can be estimated as f di (t) ≈ f i (X i , t). Although the Hough transform is an effective tool for component extraction, it has three main drawbacks when applied in real-time human sensing applications [24] . First, for most real-time sensing applications, the time window length is limited and there usually does not exist sufficient data for the energy accumulation process. Second, to precisely extract interested components by the Hough transform, proper fitting model construction is of great importance. When there is no prior knowledge about the target, it usually requires the component IF variation either static or predictable.
However, since human body is very complicated which involves several interacting scattering parts and its movement is highly unpredictable, it is very difficult to construct a model which can generally fit the component IF variation in different situations. Finally, the calculation complexity of the traditional Hough transform increases exponentially with the number of model parameters. For instance, if there are h parameters in the set X and for each parameter there are g candidate values to be chosen, there are overall g h combinations for the parameter searching process, which is on a calculation complexity of O(n h ). As a result, to achieve satisfactory fitting accuracy, the traditional Hough transform can bring about heavy calculation burden to real-time sensing applications.
B. LINEAR PREDICTOR CONSTRUCTION
To solve the data insufficiency issue of the Hough transform, LPC algorithm is first applied to extend the known data in each time window. Based on the information prediction theory, the forward and backward linear prediction model for a set of known data s(n)can be expressed as [25] , [26] ,
where M is the predictor order and N is the known data length. a M (i) i = 1,..,M are the predictor coefficients. From (5), it can be seen that, as long as the model parameters M and a M (i) are determined, the unknown data s(n) beyond the scope from 1 to N can be successively estimated by the predictor. Although there have been a number of different algorithms to figure out the proper predictor parameters M and a M (i), the Burg-based LPC algorithm, which determines the optimum predictor parameters based on average error power, is one of the most computationally cost-effective [27] , [28] .
Based on the Levinson recursive relationship as shown in (6), the forward and backward prediction error can be estimated as,
where E f ,M and E b,M are the forward and backward prediction error of the M-order predictor. K M is a predictor reflection coefficient which can be estimated by,
If we substitute (8) in (7), the average predictor error P M for a M-order predictor can be expressed as,
As a result, the main steps to construct a M-order predictor by the Burg-based LPC algorithm can be summarized as follows:
1. Set the initial value M = 0,
2. Update the parameter M = M + 1. Estimate the reflection coefficient K M and average predictor error P M by (8) and (9) respectively.
3. Estimate the forward and backward prediction error E f ,M , E b,M by (7).
4. Circulate the steps 2-3 until P M reaches the minimum value and the optimum predictor coefficients a M (i)can be derived by (6) .
III. HUMAN MICRO-DOPPLER FREQUENCY ESTIMATION APPROACH A. ADAPTED LPC ALGORITHM FOR OPTIMUM PREDICTION LENGTH ESTIMATION
Compared with predictor order and coefficients, optimum prediction length is more difficult to be determined. On the one hand, larger prediction length would bring about more available data for the energy accumulation process of the Hough transform. Since the frequency resolution of the Hough transform is proportional to the available data length, larger prediction length would contribute to the resolution improvement. On the other hand, due to the error accumulation effect, the predicted data would normally deviate from its practical value with an accelerated velocity. As a result, larger prediction length would also more severely degrade the signal IF estimation accuracy. How to choose the optimum prediction length and achieve a great balance between estimation accuracy and resolution would have big influence to the algorithm performance. Besides, the optimum prediction length can also be influenced by a series of dynamic factors, such as noise distribution, data local property and so on. 3 However, traditional LPC algorithm applies a fix prediction length which is usually determined by user experience. It can hardly maintain a satisfactory performance in different situations. To address the issue, a fitting error array is developed in the adapted LPC algorithm, which can not only intelligently determine the optimum prediction length according to the echo local property, but also effectively calibrate the predictor error.
For a set of known data s(n), a proper predictor has already been constructed by the Burg-based algorithm as mentioned in Section II-B. For introduction clarity, the constructed predictor is referred to as the main predictor with the predictor order M 1 and coefficients a M1 (i). Take the forward prediction process as an example. If we extract the first M 1 data from s(n), according to the forward prediction model in (5), VOLUME 6, 2018 the known data s(n) from 1+M 1 to N can be divided into two parts as,
where s p1 (i) is the i th output result of the main predictor and s 1 (i) is the main predictor error between the predicted result and practical data. Due to the error accumulation effect, the error array s 1 (i) would normally increase with an accelerated velocity. As a result, the error array s 1 (i) can be applied as an indicator to reveal the data local property. To be more specific, when the data local static property is great, s 1 (i) will increase slowly; On the contrary, when the data local static property is poor, s 1 (i) will increase fast;
Based on the main predictor error array s 1 (i), the Burg-based algorithm is applied again and a new predictor with the predictor order M 2 and coefficients a M2 (i) is constructed similarly. The new predictor is referred to as the secondary predictor. If we intend to use only one extra predictor to correct the main predictor output, the fitting error array e f (i) would be defined as the secondary predictor output as,
As a result, for a pre-set threshold τ , the optimum prediction length L can be determined as the maximal value which satisfies the condition e f (N + L) < τ .
In fact, for some applications which require higher prediction accuracy, the proposed adapted LPC algorithm can be further developed by using more predictors to correct the main predictor output. For example, if we continue to extract the first M 2 data from the array s 1 (i), a M 3 -order third predictor can be developed based on the secondary predictor error array s 2 (i). At this time, the the known data s(n) can be expressed as,
where s p2 (i) is the i th output result of the secondary predictor and s 2 (i) is the secondary predictor error. The fitting error array will be defined as,
Similarly, more predictors can be added to the correction process as Fig. 1 shows. However, it is worth to point out that, although using more predictors can normally contribute to the prediction accuracy improvement, it would also bring about heavier calculation burden.
By applying the backward prediction model in (1) and extracting the last M 1 data of s(n) for the main predictor construction, the backward prediction process can be implemented in similar steps as the forward prediction process.
B. FITTING MODEL CONSTRUCTION FOR THE HOUGH TRANSFORM
After the data prediction process by the adapted LPC algorithm, Hough transform is applied to properly extract the interested echo components and precisely estimate their micro-Doppler frequencies. According to the analysis in Section II-A, a frequency fitting model, which can be applied to represent the component IF variation, should first be constructed. To more clearly introduce the model construction process and intuitively reveal the relationship between the fitting model and practical component IF, the Boulic human gait model [29] , [30] , which is one of the most common gestures in human sensing applications, is applied in this section to simulate the target echo. Based on the Boulic model, the micro-Doppler frequencies of human foot is most difficult to be precisely estimated due to its irregular shape and dramatic variation tendency. As a result, in this section, the component from human leg is chosen as the interested component.
Based on the Boulic model, the micro-Doppler frequencies of a pedestrian foot are shown in Fig. 2(a) [18] . To reduce the complexity of the signal IF variation and satisfy the real-time processing requirement, a time window as short as 0.25 second is applied to 'slice' the signal and the microDoppler frequencies in the first time window is shown as the curve C in Fig. 2(b) . In the condition of no prior knowledge of the target, a traditional linear model, which can be expressed as f (X, t) = kt + b, is usually applied to fit the signal IF variation. Since there are two parameters, viz. the slope k and initial frequency b, in the set X, based on the analysis in Section II-A, the calculation complexity of the Hough transform with traditional linear model would be O(n 2 ).
To avoid the time consuming high dimensional parameter searching process, the initial frequency b is first assumed to be zero and the slope k is adjusted. When the linear model is approximately parallel with the component IF, the component energy will converge in the frequency domain and can be extracted by a narrow band filter. In this case, the optimum linear fitting result (when b=0) of the micro-Doppler frequency curve C is shown as the line L in Fig. 2(b) . Then, with the estimated slope k, the initial frequency b is adjusted to move the peak frequency of the component energy to baseband and the final fitting result of the linear model is the line L1 in Fig. 2(b) . By successively searching the parameters k and b, the calculation complexity of the Hough transform with traditional linear model can be reduced to O(n).
As mentioned in Section II-A, although component extraction by the Hough transform with traditional linear model can be a very effective approach, the micro-Doppler frequency estimation accuracy is usually not satisfactory. From Fig. 2(b) , it can be seen that, due to the nonlinear property of the practical component IF, there exists great fitting error between the linear fitting result L1 and the target microDoppler frequency curve C, especially around the end and middle point areas. To reduce the fitting error and thus improve the estimation accuracy of target micro-Doppler frequencies, two stages of revision with a set of new fitting models are proposed in this section on the basis of the traditional linear fitting result.
To simplify the revision process, the time-frequency (t-f ) coordinate system is first rotated by an angle θ = tan −1 (k) to keep the line L1 horizon. After the coordinate rotation, the new system is referred to as the t ∼ -f ∼ system as shown in Fig. 2(c) and its relationship with the t-f system can be expressed as,
where (t 0 , f 0 ) is the coordinate in t ∼ -f ∼ system which corresponds to the coordinate (t 0 , f 0 ) in t-f system. In the new t ∼ -f ∼ coordinate system, the linear fitting result L1 and practical target micro-Doppler frequency curve C are turned into L1' and C' respectively as shown in Fig. 2(d) . On the basis of the linear fitting result L1', two stages of revisions are applied to reduce the fitting error. On the first stage, arc fitting model is used to replace the traditional linear model as shown in Fig. 3 . In the figure, o1 is the middle point of the line L1' with the coordinate (t o1 , f o1 ). Oriented from the point o1, a vertical auxiliary line L2' is developed and a point o2 on the line L2' is chosen as the arc centre. If the distance between the points o1 and o2 is d, the coordinate of the arc centre o2 can be expressed as (t o2 , f o2 ) = (t o1 , f o1 -d) and the arc fitting frequency f a (X, t ) can be expressed as,
where r a is the arc radius. l 1 is the length of the linear fitting result L1' and d 1 is a compensation coefficient as shown in Fig. 3 . Compared with the traditional linear model, there are two new parameters, viz. the distance d and compensation coefficient d 1 , added in the arc fitting model f a (X, t ). Similarly with the parameter searching process of the linear model, the compensation coefficient d 1 is first assumed to be zero and the distance d is adjusted until the component energy most converge in the frequency domain. The optimum arc fitting result (when d 1 = 0) is shown as the dashed arc A1' in Fig. 3 . Then, adjust the compensation coefficient d 1 to move the peak frequency to baseband and the final fitting result of the arc model is the dashed arc A2' in Fig. 3 . After compensation, the coordinate of the arc centre o3 can be expressed as (t o3 , f o3 ) = (t o2 , f o2 -d 1 ).
From Fig. 3 , it can be seen that, compared with the linear fitting result L1', the arc fitting result A2' is much closer to the practical target micro-Doppler frequency curve C', especially around the middle point area. This is mainly because that the arc model can effectively compensate the nonlinear error of the traditional linear model and thus contribute to the fitting accuracy improvement. However, due to the asymmetric property of the practical component IF, there still exists notable error around the end points areas(front end point in this case).
To further correct the fitting error of the arc model, the second stage of revision is proposed. In this stage, two distinct ellipse fitting models, which share a same centre o3, are applied to fit the left and right half of the practical target micro-Doppler frequencies respectively. Take the left half fitting process as an example and the ellipse fitting frequency f e (X, t ) can be expressed as,
where (16) where r 1 is the minor axis length of the ellipse model. r a is the major axis length of the ellipse model, which is the same as the arc radium. As shown in Fig. 3 , If the distance between the left end points of the arc fitting result A2' and the target micro-Doppler frequency curve C' is d 2 , the left end point coordinate of the curve C' can be expressed as (t 1 , f 1 + d 2 ), where (t 1 , f 1 ) is the left end point coordinate of the arc fitting result. Substitute the end point coordinate (t 1 , f 1 + d 2 ) in (16) and the minor axis length r 1 can be estimated as,
Substitute (17) in (16) and the ellipse fitting frequency f e (X, t ) for the left side can be expressed as,
Similarly, if the right end point coordinate for the arc fitting result A2' is (t 2 , f 2 ) and the distance between the right end points of A2' and C' is d 3 , the ellipse fitting frequency f e (X, t ) for the right side can be expressed as,
Finally, use the compensation coefficients d 4 , d 5 to adjust the ellipse centre coordinate from (t o3 , f o3 ) to (t o3 -d 4 , f o3 -d 5 )
as Fig. 3 shows and the final ellipse fitting frequency f e (X, t ) can be expressed as,
Compared with the arc model, there are four new parameters, viz. d 2 , d 3 , d 4 and d 5 , added to the ellipse fitting model. The parameter searching order has been marked in Fig. 3 and the parameter searching process can be summarized as follows. The final fitting result of the ellipse model is shown by the dashed curve E1' in Fig. 4 . A2', C' are the arc fitting result and practical micro-Doppler frequency respectively. From Fig. 4 , it can be seen that, after the second stage of revision, the fitting frequencies are almost identical with the practical target micro-Doppler frequencies.
Based on (14) , transform the fitting results back to the t-f coordinate system and the fitting results based on the linear, arc and ellipse models are compared in Fig. 5 . Finally, it is worth pointing out that, compared with the traditional linear model, there are several new parameters added to the proposed new models. However, the parameter searching process of the proposed models is successive. As a result, the calculation complexity is still on the basic level of O(n), which is very promising for real-time sensing applications.
C. HUMAN MICRO-DOPPLER FREQUENCY ESTIMATION APPROACH
By combining the adapted LPC algorithm and Hough transform, a human micro-Doppler frequency estimation approach is proposed for Doppler radar. The main steps of the proposed approach can be summarized as follows:
1. A short time window is applied to 'slice' the echo and in each window a main predictor is constructed by the Burg-based algorithm (introduced in Section II-B). 2. Based on the known data, additional predictors are successively constructed according to the detection accuracy requirement and the fitting error array are developed. Determine the optimum prediction length by the fitting error array and calibrate the main predictor output by additional predictors (introduced in Section III-A). 3. With the predicted data, interested echo components are extracted by the Hough transform and their IFs are first fitted by the traditional linear model (introduced in Section II-A). 4. Rotate the time-frequency (t-f) coordinate system to form a new coordinate system (t∼-f∼). On the basis of the linear fitting result, two stages of revision are applied with the arc and ellipse fitting models respectively (introduced in Section III-B). 5. Estimate the target micro-Doppler frequencies by transforming the final fitting result back to the timefrequency coordinate system. VOLUME 6, 2018 
IV. EXPERIMENTAL RESULTS
To quantitatively evaluate the performance of the proposed approach, a Doppler radar prototype with the carrier frequency 2.4GHz is constructed in our laboratory as Fig. 6(a) shows. During the experiment, one male student walked towards the Doppler radar with a constant radial velocity of 0.5m/s. The target is equipped with a set of motion capture device (Noitom PERCEPTION Neuron system). As a result, the movement trajectories of different target parts can be precisely monitored by our computer as Fig. 6(c) shows. To achieve real-time processing and suppress the sidelobe interference, a Hamming window as short as 0.25 second is uniformly applied in the experiment and the echo spectrogram is shown in Fig.7(a) . 
A. LPC PERFORMANCE ANALYSIS
From Fig. 7(a) , it can be seen that, due to the short interval of the time window, the frequency resolution of the echo spectrogram is not quite satisfactory. Echo components overlapped with each other which lead to a severe ambiguous effect. To improve the frequency resolution and provide better foundation for the following frequency estimation process, the data prediction performance is of great importance. In this section, the performance of the adapted and traditional LPC algorithms is compared. Since the main purpose of the prediction process is to extend the known data based on the local signal property, to avoid the evaluation bias which is brought about by the signal local property variation, a signal with constant local property is applied to evaluate the LPC algorithm performance. As a result, echo component from human head, whose micro-Doppler frequencies are approximately constant, is chosen as the interested signal. Take the prediction process in the first time window as an example. To satisfy the real-time processing requirement, at most two additional predictors are considered in the experiment. When the traditional LPC algorithm is applied (with only the main predictor), the data prediction error is shown in Fig.8(a) . From the figure, it can be seen that both the average error and the error variance rise rapidly with the prediction length. If a threshold of 0.5v, which is 10% average voltage of the processing signal, is uniformly applied to determine the prediction length, the maximum prediction length of the traditional LPC algorithm is 70. When the adapted LPC algorithm with only one additional predictor (secondary predictor) is applied, the data prediction error is shown in Fig.8(b) . From the figure, it can be seen that, despite of the notable error variance, the average error has been effectively reduced. As a result, with the same threshold, the maximum prediction length is 107, which implies a 52% resolution improvement over the traditional LPC algorithm. When the adapted LPC algorithm with two additional predictors (secondary and third predictors) is applied, the data prediction error is shown in Fig.8(c) . From the figure, it can be seen that the contribution of the third predictor is mainly focused on the error variance suppression. With the same threshold, the maximum prediction length can reach 175, which implies an approximate 150% resolution improvement over the traditional algorithm and 63% improvement over the counterpart with only one additional predictor. After the data prediction process by the adapted LPC algorithm with two additional predictors, the echo spectrogram is shown in Fig. 7(b) which can reveal more detail about the components.
B. MICRO-DOPPLER FREQUENCY ESTIMATION PERFORMANCE ANALYSIS
From Fig. 7(b) , it can be seen that, as the weakest echo component, the component from human leg also has the largest frequency dynamic range. As a result, it is very vulnerable to noise and interference from other overlapping components. Besides, due to the modulation effect of several interacting joints (such as hip, femur and tibia joints), the micro-Doppler frequency variation of human leg is very complicated. For most human sensing applications, the micro-Doppler frequencies of human leg are most difficult to be precisely estimated. As a result, in this section the component from human leg is chosen as the interested component. In this section, the micro-Doppler frequency estimation performance of the Hough transform with different models (the traditional linear model and the proposed new models) is compared. When the traditional linear model is applied, the micro-Doppler frequency estimation result is shown in Fig. 9 . From the figure, it can be seen that, although the traditional linear model can properly extract the interested echo component from target leg, there is great fitting error in the micro-Doppler frequency estimation result, especially around the maximum, minimum and local extreme points of the curve as Fig. 9(b)-(d) shows. This is mainly because that, around these areas, the linearity of the target micro-Doppler frequencies is the worst and the linear model is not accurate enough to properly represent the component IF variation. When the first stage of revision is applied with the proposed arc fitting model, the micro-Doppler frequency estimation result is shown in Fig. 10 . Comparing Fig.10 with Fig. 9 , it can be seen that, after the revision, the fitting error has been effectively reduced. However, there is still a notable error around the extreme areas. This is mainly because, in relation to these areas, the curvature variation of the component IF is the largest, which can lead to an asymmetric issue after the coordinate transformation process. However, the arc fitting model can not properly represent the asymmetric property of the target micro-Doppler frequencies. After the second stage of revision with the proposed ellipse fitting model, the microDoppler frequency estimation result of human leg is shown in Fig. 11 , which is almost the same as the practical target micro-Doppler frequencies. The root-mean-square (RMS) error of the target micro-Doppler frequency estimation result has been listed in Table 1 , which can further validate the superiority of the proposed new models. For each time window, the average processing time of the three models is about 2, 3.5 and 7 seconds based on a DSP24MMU24 processor, which are all acceptable for most real-time sensing applications.
V. CONCLUSION
In this paper, a human micro-Doppler frequency estimation approach is proposed for Doppler radar. The adapted LPC algorithm is first applied to extend the known data in each time window and solve the data insufficiency issue for the Hough transform. Then the Hough transform with two stages of revision process is used to real-time extract the interested echo components and precisely estimate their micro-Doppler frequencies.
Two experiments were conducted to demonstrate the effectiveness of the proposed techniques and show superior results compared with the traditional algorithms. Based on the results of the first experiment, the advantages of the adapted LPC algorithm can be summarized as follows: (1) the adapted LPC algorithm can intelligently determine the optimum prediction length according to the echo local property; (2) the adapted LPC algorithm can calibrate the predictor output of the traditional LPC algorithm and thus achieve higher prediction accuracy. Based on the results of the second experiment, the advantages of the proposed Hough transform can be summarized as follows: (1) the proposed Hough transform can effectively compensate the nonlinear and asymmetric fitting error of the traditional linear fitting result; (2) the calculation complexity of the proposed Hough transform is on the basic level of O(n), which is very promising for real-time sensing applications. Overall, the superiority of the proposed human micro-Doppler frequency estimation approach indicates considerable potential in real-time human sensing applications. On the basis of the target micro-Doppler frequency estimation results, how to construct the most proper feature vector for state identification would be our future work. She is currently a Professor with the College of Electrical and Information Engineering, Hunan University, where she focuses on the research of digital signal processing and radio communication. VOLUME 6, 2018 
